The objective of the study was to estimate soil moisture (SM) from Sentinel-1 (S-1) satellite images acquired over wetlands. The study was carried out during the years 2015-2017 in the Biebrza Wetlands, situated in north-eastern Poland. At the Biebrza Wetlands, two Sentinel-1 validation sites were established, covering grassland and marshland biomes, where a network of 18 stations for soil moisture measurement was deployed. The sites were funded by the European Space Agency (ESA), and the collected measurements are available through the International Soil Moisture Network (ISMN). The SAR data of the Sentinel-1 satellite with VH (vertical transmit and horizontal receive) and VV (vertical transmit and vertical receive) polarization were applied to SM retrieval for a broad range of vegetation and soil moisture conditions. The methodology is based on research into the effect of vegetation on backscatter (σ • ) changes under different soil moisture and Normalized Difference Vegetation Index (NDVI) values. The NDVI was derived from the optical imagery of a MODIS (Moderate Resolution Imaging Spectroradiometer) sensor onboard the Terra satellite. It was found that the state of the vegetation expressed by NDVI can be described by the indices such as the difference between σ • VH and VV, or the ratio of σ • VV/VH, as calculated from the Sentinel-1 images in the logarithmic domain. The most significant correlation coefficient for soil moisture was found for data that was acquired from the ascending tracks of the Sentinel-1 satellite, characterized by the lowest incidence angle, and SM at a depth of 5 cm. The study demonstrated that the use of the inversion approach, which was applied to the newly developed models using Water Cloud Model (WCM) that includes the derived indices based on S-1, allowed the estimation of SM for wetlands with reasonable accuracy (10 vol. %). The developed soil moisture retrieval algorithms based on S-1 data are suited for wetland ecosystems, where soil moisture values are several times higher than in agricultural areas.
Introduction
The soil moisture (SM) is an essential variable in environmental studies related to wetlands as it controls the biophysical processes that influence water, energy, and carbon exchanges. Hence, there is the need for SM constant monitoring. The SAR satellite imagery is an important source to fulfill this objective regardless of cloud cover and, especially in the areas, in which deployment of in situ SM measurements is not possible or economically unprofitable The possibility of using high temporal and Remote Sens. 2018, 10, 1979 6 of 24
The marshland site had a regular 500 × 500 m measuring grid composed of nine SM stations equipped with five probes each, measuring at the following depths: 5, 10, 20, and 50 cm. The grassland site had analogous instrumentation, with the stations arranged in two rows (230 × 580 m), one with four SM stations, and the second with five SM stations. In total, 90 Decagons GS3 soil moisture sensors were installed.
The grassland and marshland sites featured different soil moisture values and both sites were flooded during the spring. At the marshland site, the water table was very high; therefore, only the soil layer at 5 cm exhibited noticeable variations in water content. The deeper layers were close to saturation point (80-90 vol. %) through the year. An apparent drop of SM values that occurred in winter was related to the ground freezing. At the grassland site, the water table was lower; thus, only the 50 cm soil layer was permanently close to saturation level. The surface soil layers featured a strong annual cycle with a maximum amplitude of around 60 vol. %. A more in-depth description of the sites is available in [33] . The measurements collected from both sites are available through the International Soil Moisture Network (ISMN) [34] .
In Situ Data
The in situ data were collected during field campaigns carried out in the years 2015-2017, simultaneous to the satellite overpasses. The positions of the measurement plots were determined using GPS (Global Positioning System). This information was essential for preparing the layer of special measurement points that was needed for the reading and processing of satellite data. Soil moisture (volumetric) was measured by 90 Decagons GS3 sensors calibrated to specific soil conditions at four depths: 5, 10, 20, and 50 cm. The GS3 sensor uses an electromagnetic field to measure the dielectric permittivity of the surrounding medium. The dielectric value is then converted to substrate water content by a calibration equation that is specific to the soil conditions. Regarding the observation modes, the SM measurements were performed every 15 min. Additionally, the height of the vegetation (m) and the biomass wet and dry (gm −2 ) were measured. These data supported the SM analysis with ancillary information about the variables influencing the SAR signal (biomass, vegetation conditions).
During the course of the study, the season of 2015 was extremely dry, whereas conditions in 2017 were extremely wet. In 2016, soil moisture levels were regarded as being moderate.
Satellite Data
Within the study, the following satellite images were used: Sentinel-1 and Terra MODIS. From the SciHUB (Sentinel Scientific Data Hub), Sentinel-1 Level-1 GRDH (Ground Range Detected at High resolution) products, in IWS (Interferometric Wide Swath) acquisition mode (spatial resolution 10 × 10 m) and in a WGS84 ellipsoid, were downloaded. The S-1 images were acquired in the C-band (5.5 GHz) in dual polarization: VV and VH. The nominal acquisition frequency of a single S-1 satellite over the Biebrza Wetlands during the period of the study was 12 days for a single track. However, the grassland site was covered by four different S-1 tracks (two descending and two ascending orbits), and the marshland site was covered by three different S-1 tracks (one descending and two ascending orbits). Furthermore, the availability of the two Sentinel-1A and Sentinel-1B platforms doubled the revisit time, which on average equaled four days for a single satellite and two-three days for two satellites. Table 1 presents the tracks and local incidence angles at the grassland and marshland test sites for selected S-1 relative orbits. MODIS images as MOD09Q1 version 6 (V006) products were downloaded from the US Geological Survey website. The MOD09Q1 V006 product provided Bands 1 and 2 (620-670, 841-876, appropriately) at a 250 m resolution in an 8 day gridded level-3 product in the sinusoidal projection. The surface spectral reflectance of Bands 1-2 was corrected for atmospheric conditions such as gasses, aerosols, and Rayleigh scattering. For each pixel, a value was selected from all of the acquisitions within the 8-day composite period, taking into account the cloud coverage and the solar zenith angle [35] .
MODIS NDVI 8-day compositions were paired with Sentinel-1 daily satellite images, so that the nearest day of S-1 acquisition to the middle date of 8-day composition of MODIS was taken; therefore, it was assumed that NDVI values could be used to represent the vegetation effect for the modeling of the backscattering coefficients of the S-1. The area of an SM sensors sites is 500 × 500 m. The soil moisture, σ • and NDVI were taken as the average values for this area.
Methods
Sentinel-1 products were processed with the Sentinel-1 Toolbox (SNAP S1TBX v5.0.4 software) software provided by the European Space Agency (ESA). The processing included: speckle filtering applying a Lee Sigma speckle filter, radiometric calibration, and data conversion to a backscattering coefficient (σ • ) (dB). Then, the scenes were geometrically registered to the local projection PUWG1992, and the σ • S-1 values, which corresponded to the measurement sites, were extracted using ERDAS software (Hexagon Geospatial/Intergraph ® , Norcross, GA, USA).
The methodology consists of models that were developed for soil moisture retrieval by applying the following Sentinel-1 data: VH and VV polarizations, VH-VV, VV/VH and the NDVI values from the Terra MODIS data. Soil moisture retrieval was based on simplified Water Cloud Model with application of the Least Squares Method.
Water Cloud Model with the Least Squares Method
The Water Cloud Model represents the total backscatter from the canopy (σ • ) as the sum of the contribution of the vegetation σ • veg and of the underlying soil σ • soil [36] :
where: σ
where: θ-incidence angle, τ 2 -two way attenuation through the canopy: V 1 and V 2 are descriptors of the canopy, A and B are fitted parameters of the model that depend on the vegetation descriptor and the radar configuration. As the vegetation descriptors (V 1 and V 2 ), the NDVI values derived from MODIS data were taken. The B parameter is connected with the density of vegetation and its strength of the attenuation during the growing season. For the specific, homogeneous area, we can assume the fixed value of B and apply linearized nonlinear method to solve the WCM model (instead of nonlinear iterative methods). For bare soil the response of backscatter to soil moisture (σ°soil) is a linear function. It was assumed that in early spring at the wetlands area the soil has dominated impact on backscatter. Therefore we applied modified WCM, where σ°soil (Equation (1)) was represented by measured SM values. The measurements were conducted during two full years at even time interval, so the relation soil-vegetation can be assumed to be well represented. The following two components of data were designed to describe the effect of the vegetation and the underlying soil on σ° VH value: τ 2 * SM, and (1 − τ 2 )* cos (θ)* NDVI. The first component represents the interaction of the incident radiation between the vegetation and the underlying soil. τ 2 reduces the impact of the soil on backscatter when the vegetation cover is dense. τ 2 takes the value from 0-1 and is inversely proportional to the vegetation index and to the incidence angle. The second component describes the remaining part of the backscatter that depends on the vegetation canopy covering the soil. The parameters of the model with σ° VH as a dependent variable, and τ 2 * SM and (1 − τ 2 )* cos (θ)* NDVI as independent variables, were estimated by applying the Least Squares Method. Data were limited to the vegetation season, i.e., from 60-300 days of each year. The form of modified WCM model is the following:
where: a, b, c are parameters of regression, that have to be estimated.
Vegetation Descriptors
First, it was assumed that the vegetation index (NDVI) derived from Terra MODIS (described in Section 2.3) could be used as a proxy for the vegetation descriptor of biomass.
Second, the vegetation biomass (expressed by NDVI) was represented by two combinations of sigma VH and sigma VV-the difference and the ratio. This assumption was performed following the approach of using the sigma difference VH−VV as the roughness of the vegetation (in this case, NDVI) following Rao et al. [37] . The σ° VH and σ° VV values were taken from the processed Sentinel-1 data (described in Section 2.3).
The popular NDVI index works as an indicator that describes the greenness or the density, and the health of the vegetation, based on the measurements of absorption and reflectance. The NDVI For bare soil the response of backscatter to soil moisture (σ • soil ) is a linear function. It was assumed that in early spring at the wetlands area the soil has dominated impact on backscatter. Therefore we applied modified WCM, where σ • soil (Equation (1)) was represented by measured SM values. The measurements were conducted during two full years at even time interval, so the relation soil-vegetation can be assumed to be well represented. The following two components of data were designed to describe the effect of the vegetation and the underlying soil on σ • VH value: τ 2 * SM, and (1 − τ 2 )* cos (θ)* NDVI. The first component represents the interaction of the incident radiation between the vegetation and the underlying soil. τ 2 reduces the impact of the soil on backscatter when the vegetation cover is dense. τ 2 takes the value from 0-1 and is inversely proportional to the vegetation index and to the incidence angle. The second component describes the remaining part of the backscatter that depends on the vegetation canopy covering the soil. The parameters of the model with σ • VH as a dependent variable, and τ 2 * SM and (1 − τ 2 )* cos (θ)* NDVI as independent variables, were estimated by applying the Least Squares Method. Data were limited to the vegetation season, i.e., from 60-300 days of each year. The form of modified WCM model is the following:
Second, the vegetation biomass (expressed by NDVI) was represented by two combinations of sigma VH and sigma VV-the difference and the ratio. This assumption was performed following the approach of using the sigma difference VH−VV as the roughness of the vegetation (in this case, NDVI) following Rao et al. [37] . The σ • VH and σ • VV values were taken from the processed Sentinel-1 data (described in Section 2.3). The popular NDVI index works as an indicator that describes the greenness or the density, and the health of the vegetation, based on the measurements of absorption and reflectance. The NDVI was calculated from MODIS MOD09Q1 V006 images on the basis of spectral reflectance from the soil-vegetation surface in the visible red (Band 1) and near-infrared (Band 2) spectra of electromagnetic waves according to:
where: R RED -spectral reflectance in the red spectrum, R NIR -spectral reflectance in the near-infrared spectrum. For calculating NDVI all pixels with the spectral reflectance values larger than 0 and lower than 10,000 (16 bit unsigned integer) were taken. Then, from Band 3 (Surface Reflectance 250 m State flags) of MOD09Q1 product the pixels flagged as: water, clouds/cloud shadows, and snow/ice were extracted and applied to NDVI images. The values of spectral reflectance were the ratios of the reflected radiation over the incoming radiation in each spectral channel individually (albedo); hence, the NDVI takes on values between 0-1.
Statistical Analyses
Statistical analyses were completed in STATISTICA software using the following quality measures: Pearson's correlation, Kendall's tau correlation, R (correlation coefficient), R 2 (coefficient of determination), MAPE (Mean Absolute Percentage Error), MPE (Mean Percentage Error), RMSE (Root Mean Square Error), and MBE (Mean Bias Error). The data were checked for the normal distribution and significance prior to all analyses. Validation of the retrieved SM values against the in situ measurements was preformed based on the RMSE error.
Results

Correlation between σ • Calculated from S-1 and Soil Moisture Measured at Different Depths
The in situ data and satellite data were used in statistical analyses to develop an inversion approach for the estimation of soil moisture from the Sentinel-1 data over the grassland and marshland sites. Table 2 The highest correlation was noted for the S-1 track 131 (ascending pass, low local incidence angles) and the soil moisture as measured at a 5 cm depth. The values of the correlation coefficient in any case were not higher than 0.59 for the marshland site and 0.72 for the grassland site.
For further analysis, the orbit pass ascending (A), and the depth of the soil moisture measurements at a 5 cm depth were taken into account (the highest correlation was found for these dataset). 
Impact of Vegetation on σ° Calculated from S-1 under Different Soil Moisture Conditions
It was noted that there was a different contribution from the vegetation, as represented by the NDVI, when dry conditions (SM < 30 vol. %) or moist conditions (SM > 60 vol. %) occurred. Figures 5 and 6 show the results of the statistical analyses that were performed between the backscattering coefficient (σ°) value as calculated from VH, and the NDVI as calculated from MODIS for the grassland site. Figure 5 presents the relationship between the σ° value and the NDVI for high, i.e., SM > 60 vol. %, soil moisture when measured at a 5 cm depth. In this case, the vegetation played a role in the process of attenuation when the wave penetrated the vegetation to reach the soil. A different situation was observed when the soil was dry, i.e., SM < 30 vol. %, at a 5 cm depth ( Figure  6 ). The impact of vegetation on the σ° VH was stronger than the impact of soil moisture. Higher biomass values were represented by the NDVI, and hence a higher amount of vegetation moisture content dominated the influence of vegetation on the σ° values. Under low SM conditions, an increase in the NDVI values caused an increase in the σ° VH values, as vegetation impact on backscatter dominates. Under high SM conditions, the vegetation plays the role in two way attenuation of the beam (Equation (3)), an increase of NDVI values caused a decrease in the σ° VH values. 
Impact of Soil Moisture on σ° Calculated from S-1 under a Quasi-Constant NDVI
If the amount of marshland/grassland vegetation biomass represented by the NDVI is constant in time, the variability of σ° S-1 is consistent with the variability of the soil moisture. Experimental data for the NDVI were gathered for each month separately, and the regression equation between the SM that was measured at a 5 cm depth, and σ° S-1 of the growing season (March-October) was estimated. The obtained correlation coefficients between the soil moisture, and σ° VH and VV were high (Table 4 ). It was assumed that during the month, the vegetation biomass did not vary significantly, which was confirmed by the low standard deviations values (Table 4) for the NDVI for the particular months. Therefore, it can be assumed that the variability of the backscatter responds to the variability of the soil moisture in areas with homogeneous vegetation cover. However the correlation is significant with the best correlation coefficient (R) for April, May, and October. For the rest of the month the correlation is poor but still significant. 
Impact of Soil Moisture on σ • Calculated from S-1 under a Quasi-Constant NDVI
If the amount of marshland/grassland vegetation biomass represented by the NDVI is constant in time, the variability of σ • S-1 is consistent with the variability of the soil moisture. Experimental data for the NDVI were gathered for each month separately, and the regression equation between the SM that was measured at a 5 cm depth, and σ • S-1 of the growing season (March-October) was estimated. The obtained correlation coefficients between the soil moisture, and σ • VH and VV were high (Table 4) . It was assumed that during the month, the vegetation biomass did not vary significantly, which was confirmed by the low standard deviations values (Table 4) for the NDVI for the particular months. Therefore, it can be assumed that the variability of the backscatter responds to the variability of the soil moisture in areas with homogeneous vegetation cover. However the correlation is significant with the best correlation coefficient (R) for April, May, and October. For the rest of the month the correlation is poor but still significant. Sensitivity of backscatter to the soil moisture is the measure of the change in σ • with the change in soil moisture. It was defined as the slope of the regression line between them at a given vegetation conditions. The higher values of sensitivity occurred in early spring when vegetation cover was lower than in later part of the growing season (Table 4) .
Compatibility of Seasonal Trends in the Course of the Vegetation Descriptor NDVI, and the σ • Difference VH−VV and Ratio VV/VH
The time series of σ • indices that were calculated as the difference of polarization VH−VV, or the ratio VV/VH, presented seasonality trends, i.e., variations that were specific to a particular timeframe. There was a systematic increase of σ • VH−VV and VV/VH values during the growing season, and a decrease in autumn, similar to the behavior of NDVI. Figure 7 presents the temporal evolution of the NDVI and σ • VH−VV values during the vegetation season in 2016 at the grassland test site as an example. Mann-Kendall tau statistics were performed for both sites for the seasons of 2016-2017 separately (two complete growing seasons of observations). It revealed that the compatibility of the seasonal trends of σ • VH−VV and VV/VH with the NDVI were statistically significant ( Table 5 ).
Sensitivity of backscatter to
the soil moisture is the measure of the change in σ° with the change in soil moisture. It was defined as the slope of the regression line between them at a given vegetation conditions. The higher values of sensitivity occurred in early spring when vegetation cover was lower than in later part of the growing season (Table 4).
Compatibility of Seasonal Trends in the Course of the Vegetation Descriptor NDVI, and the σ° Difference VH−VV and Ratio VV/VH
The time series of σ° indices that were calculated as the difference of polarization VH−VV, or the ratio VV/VH, presented seasonality trends, i.e., variations that were specific to a particular timeframe. There was a systematic increase of σ° VH−VV and VV/VH values during the growing season, and a decrease in autumn, similar to the behavior of NDVI. Figure 7 presents the temporal evolution of the NDVI and σ° VH−VV values during the vegetation season in 2016 at the grassland test site as an example. Mann-Kendall tau statistics were performed for both sites for the seasons of 2016-2017 separately (two complete growing seasons of observations). It revealed that the compatibility of the seasonal trends of σ° VH−VV and VV/VH with the NDVI were statistically significant (Table 5 ). Thus, it has been assumed that the influence of vegetation on σ • S-1 values could be expressed by indices of the difference between σ • VH and VV (VH−VV) and the ratio of σ • VV/VH. Analyzing Kendall's tau coefficients for all test sites, tracks, and seasons, it was found that both σ • VH−VV and σ • VV/VH indices were in monotonic correlation with the NDVI, and that they could replace the NDVI values in soil moisture modeling. In the experiment, the values of σ • VV/VH was always positive and less than 1.
By applying the indices calculated using the S-1 data in modeling SM, the independence from the optical data (often overcast conditions) was ensured. Also, it allowed for quick calculations of soil moisture, which often changes rapidly and has to be observed regularly.
The two following approaches are presented in building the model for soil moisture retrieval: Figure 4 shows, that the attenuation of radar signal by vegetation at high moisture conditions of soil was in the range of 3 dB, while the whole range of σ • VH variability was 12 dB. Taking the level of attenuation as a middle, the value of B = 0.5 was chosen for further analysis. Thus, it was assumed that radar signal is attenuated by the vegetation in wetland according to:
The parameters in (Equation (4)) were estimated as follows: Model 1a:
where: R = 0.92; R 2 = 0.85; p < 0.0000; N = 147; Std. Err. = 0.79 dB, for ascending orbit. The partial correlations for the soil and vegetation components were 0.89 and 0.54, respectively, which means that soil moisture influenced σ • VH more strongly than the vegetation cover. Figure 8 presents a comparison between the observed values of σ • VH (derived from S-1 images) and those that were predicted using Model 1a (Equation (7)).
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1 Using the NDVI as a vegetation descriptor 2
Substituting the NDVI by the index σ° VH−VV and the index σ° VV/VH Figure 4 shows, that the attenuation of radar signal by vegetation at high moisture conditions of soil was in the range of 3 dB, while the whole range of σ° VH variability was 12 dB. Taking the level of attenuation as a middle, the value of B = 0.5 was chosen for further analysis. Thus, it was assumed that radar signal is attenuated by the vegetation in wetland according to:
Soil Moisture Retrieval Using σ° from Sentinel-1 and NDVI from MODIS
σ° VH = −28.3 + 0.2τ 2 SM + 14.7(1 − τ 2 ) cos(θ) NDVI (7) where: R = 0.92; R 2 = 0.85; p < 0.0000; N = 147; Std. Err. = 0.79 dB, for ascending orbit. The partial correlations for the soil and vegetation components were 0.89 and 0.54, respectively, which means that soil moisture influenced σ° VH more strongly than the vegetation cover. Figure 8 presents a comparison between the observed values of σ° VH (derived from S-1 images) and those that were predicted using Model 1a (Equation (7)). (7)). Figure 8 . The σ • VH values observed and predicted by Model 1a (Equation (7)).
Applying Linear Multiple Regression Model (Equation (4)), three parameters of the WCM model were estimated. Parameter "c" equal to 14.7 in (7) corresponds to "A" in WCM (Equation (2)). The remaining two parameters were interpreted as follows: "b" equal to 0.2 as sensitivity and "a" equal to −28.3 as intercept of SAR backscatter under fixed NDVI = 0 conditions. Intercept is the backscatter value expected for the dry soils. It is mainly a function of surface roughness [38] . For bare soil, where NDVI = 0 (theoretically), what means τ 2 = 1 and σ • veg = 0, the Equation (7) In both simulated and estimated equations, the regression slope that means sensitivity, is the same. The intercept parameters which are connected with roughness of soil and vegetation cover, differ. This is the measure of the difference between the soil, theoretically bare, according to model (Equation (7)) and our assumption.
Model 1b:
where: R = 0.91; R 2 = 0.82; p < 0.0000; N = 170; Std. Err. = 0.84 dB, for ascending orbit. The partial correlation for the soil and vegetation components were 0.87 and 0.50 respectively, which means that soil moisture influenced σ • VV more strongly than the vegetation cover. Figure 9 presents a comparison between the σ • VV values observed (derived from satellite images) and predicted by Model 1b according to Equation (8) .
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The models 1a-1b present the influence of soil moisture and vegetation cover (expressed by NDVI from MODIS) on the S-1 backscatter. The standard errors of estimation for σ • VH and σ • VV were 0.79 dB and 0.84 dB, respectively. Table 6 presents the mean absolute percentage errors (MAPE) of the σ • S-1 ascending pass, assessed by Model 1a and Model 1b for the years 2015-2017 for the two sites and the two tracks separately. MAPE1 applies to Model 1a, and MAPE2 applies to Model 1b. The mean percentage error for σ • VH estimation was 6.6%, and for σ • VV estimation, it was 8.8% for all observations (not only the teaching set). The distribution of the error was well balanced on the sites and the tracks. Figures 10 and 11 present the simulation of σ° VH and σ° VV with the increase of the NDVI for various values of soil moisture from the range of 10-90 vol. %. The increase of σ° with the increase of the NDVI was significant with low soil moisture, the attenuation of the signal was small. When the soil moisture was high, the increase of the NDVI influences the decrease of σ°. (7) and (8)). Taking the observed range of NDVI as 0.3-0.8, the sensitivity of σ • VH was calculated. For the satellite track 29 (θ = 43 • 10 ) the obtained highest sensitivity was about 0.088 dB/vol. % and the lowest-0.022 dB/vol. %, while for the satellite track 131 (θ = 35 • 13 ) − 0.095 dB/vol. % and 0.028 dB/vol. %, respectively.
The soil moisture can be retrieved through the inversion of Model 1a (Equation (7)) with an accuracy of 9.8 vol. % (Equation (9)). The errors were similar for two sites. Figure 11 . Impact of NDVI on σ° VV under various levels of soil moisture (SM) according to Model 1b.
Figures 10 and 11 present the soil and vegetation impact on σ° VV and σ° VH according to Models 1a-1b. The sensitivity of both polarizations on soil moisture under given vegetation condition (NDVI) was similar at wetland area (parameter b in Equations (7) and (8)). Taking the observed range of NDVI as 0.3-0.8, the sensitivity of σ° VH was calculated. For the satellite track 29 (θ = 43°10′) the obtained highest sensitivity was about 0.088 dB/vol. % and the lowest-0.022 dB/vol. %, while for the satellite track 131 (θ = 35°13′) − 0.095 dB/vol. % and 0.028 dB/vol. %, respectively.
The soil moisture can be retrieved through the inversion of Model 1a (Equation (7)) with an accuracy of 9.8 vol. % (Equation (9)). The errors were similar for two sites. SM = (σ° VH + 28.3 − 14.7 * (1 − τ 2 )* cos(θ)* NDVI)/(0.2* τ 2 ) (9) Table 7 presents the RMSE errors (vol. %) for selected ranges of soil moisture values (5 cm depth) based on Model 1a. It was noted that for the high SM values (in the range of 80-100 vol %) errors were lower than those of the remaining SM ranges. Table 8 presents the RMSE errors (vol. %) for selected ranges of the NDVI values based on Model 1a. The RMSE errors were between 7.4-11.5 vol. %. It was clearly visible that the error was higher with denser vegetation cover (higher NDVI values). Table 8 presents the RMSE errors (vol. %) for selected ranges of the NDVI values based on Model 1a. The RMSE errors were between 7.4-11.5 vol. %. It was clearly visible that the error was higher with denser vegetation cover (higher NDVI values). 
where: σ • VV and VH had the only negative values in our study, and σ • VV/VH <1, and B was fixed to 1. The choice of B value was preceded by the same analysis as in the case of Models 1a-1b. Two components were designed to describe the effect of the underlying soil and vegetation on the σ • VH value: τ 2 *SM and (1 − τ 2 )*cos (θ)*σ • (VH-VV) 2 . Then, σ • VH was modeled according to Model 2 applying linearized nonlinear regression method. Model 2:
where: R = 0.91; R 2 = 0.82; p < 0.000; N = 252; Std. Err. = 0.70 dB, (Figure 12 ), for ascending orbits.
There is no redundancy of independent components in the multiple regression model. The correlation between them is R 2 = 0.002.
Soil Moisture Retrieval Using the σ° Indices from Sentinel-1
Replacing vegetation index NDVI in Equation (4) by σ° VV/VH values we receive:
where: σ° VV and VH had the only negative values in our study, and σ° VV/VH <1, and B was fixed to 1. The choice of B value was preceded by the same analysis as in the case of Models 1a-1b. Two components were designed to describe the effect of the underlying soil and vegetation on the σ° VH value: τ 2 *SM and (1 − τ 2 )*cos (θ)*σ°(VH-VV) 2 . Then, σ° VH was modeled according to Model 2 applying linearized nonlinear regression method. Model 2:
σ° VH = −18.9 + 0.33τ 2 SM − 0.14(1 − τ 2 ) cos(θ) σ°(VH-VV) 2 (11) where: R = 0.91; R 2 = 0.82; p < 0.000; N = 252; Std. Err. = 0.70 dB, (Figure 12 ), for ascending orbits.
There is no redundancy of independent components in the multiple regression model. The correlation between them is R 2 = 0.002. Three regression parameters could be interpreted as follows: c = 0.14 as vegetation parameter corresponding to A in Equation (2); b = 0.33 as sensitivity of SAR backscatter for τ 2 = 1; constant a = −18.9 is the state of balance between the impact of vegetation and the underlying soil on σ° VH (SM about 50 vol. %, Figure 13 ). Under σ° VV < 0 the attenuation factor τ 2 (Equation (10)) is always less Three regression parameters could be interpreted as follows: c = 0.14 as vegetation parameter corresponding to A in Equation (2); b = 0.33 as sensitivity of SAR backscatter for τ 2 = 1; constant a = −18.9 is the state of balance between the impact of vegetation and the underlying soil on σ • VH (SM about 50 vol. %, Figure 13 ). Under σ • VV < 0 the attenuation factor τ 2 (Equation (10)) is always less than 1, so the sensitivity does not reaches the value of 0.33, it is lower. Theoretically, sensitivity of SAR backscatter to soil moisture increases when the ratio σ • VV/VH decreases. Figure 14 shows the periods under low vegetation conditions.
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Although previous studies have identified relationships between S-1 σ • and the surface soil moisture [16] [17] [18] [19] 23] , this study, for the first time, to our knowledge, in the Biebrza Wetlands, demonstrates the relationships under an extreme range of SM conditions (from dry to wet) i.e., 27-90 vol. %, and different wetland vegetation biomasses (NDVI). The moisture ranges presented, and the diversity of the vegetation biomass, depicts the wetland ecosystems well. The developed models for soil moisture retrieval could be implemented into the system for monitoring areas of wetlands, and in developing decision support and early warning systems.
Two models have been developed based on σ • VH and VV, and the NDVI from MODIS. It is evident in Table 6 that for both sites (grassland and marshland) when considered together, the MAPE errors of σ • as modeled by Model 1a (Equation (7)) and Model 1b (Equation (8) ) are comparable; however, for Model 1b, they are slightly higher. Generally, the inversion of the developed σ • models can retrieve the SM with a mean accuracy that is close to 10 vol. %, which is acceptable for the wetland ecosystem authorities and the decision makers. This is especially important for the wetlands areas that are not easily accessible.
The σ • indices as VH−VV and VV/VH, which could replace the vegetation cover as expressed by the NDVI values in soil moisture modeling, have been used to develop Model 2 (Equation (11)). Inversion of Model 2 allows the soil moisture to be retrieved by solely using Sentinel-1 data with a mean accuracy of 13 vol. % (Table 9 ). Although the accuracy of the soil moisture retrieval using Model 2 was slightly lower than applying Models 1a and 1b, it was still acceptable. Moreover, Model 2 required only microwave data, which is advantageous, especially in areas that are often cloudy.
Conclusions
The study has shown that the retrieval of soil moisture based on Sentinel-1 data, which considers wetland ecosystems, can be used effectively and with reasonable accuracy (below 10 vol. %). These developments are valuable for areas where in situ data are not available due to the inaccessibility of the area, and when only satellite data can provide suitable tools for decision makers.
The setup of two dense soil moisture measuring networks located over the wetlands offered unprecedented capabilities for modeling the soil moisture from the Sentinel-1 data. The data collected within the study corresponded to from extremely dry (2015) to extremely wet (2017) conditions, which is favorable for the development and validation of soil moisture retrieval models over the wetlands. Also, the selected grassland and marshland sites feature different soil moisture regimes.
Vegetation has to be considered in the relationship between the backscatter and the soil moisture. The vegetation contribution could be expressed by NDVI, or by VV/VH and VH−VV indices that are calculated from the S-1 data.
It has been noted that there is a different contribution of vegetation that is represented by the NDVI when there are dry conditions (SM < 30 vol. %) and moist conditions (SM > 60 vol. %). It was noticed that the values from 50-60 vol. % of soil moisture are within the threshold for the SM influence on σ • VH and VV.
There are discrepancies between Sentinel-1A and Sentinel-1B data. Ascending orbits are better for soil moisture retrieval because the descending overpasses occur during the night when there is dew. The most significant correlation coefficients between the S-1 backscatter and the soil moisture were found for the ascending tracks and for 5 cm depths. A validation was performed for the period of September 2017 until May 2018. The average error was close to 12.6%. It has to be emphasized that the range of the soil moisture in the wetlands was high, at 27-90 vol. %. Such a moisture extent does not occur in agriculture sites. This could also affect the range of the error.
Developed models could be applied for cloudy conditions for sites other than the European Wetlands. Further work is needed, especially when HH polarization of S-1 is available, to predict the moisture status in wetland ecosystems. The time of reaction of soil moisture and retention of water on precipitation in peat soil was much slower than the reaction to precipitation of other soils. That is why it will be good to examine the time of reaction of SM to precipitation in peat soil.
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